Most biological processes within a cell are carried out by protein-protein interaction (PPI) networks, or so called interactomics. Therefore, identification of PPIs is crucial to elucidating protein functions and further understanding of various cellular biological processes. Currently, a series of high-throughput experimental technologies for detect PPIs have been presented. However, the time-consuming and labor-driven characteristics of these methods forced people to turn to virtual technology for PPIs prediction. Herein, we developed a new predictor which uses stacking algorithm with information extraction by wavelet transform. When applied on the Saccharomyces cerevisiae PPI dataset, the proposed method got a prediction accuracy of 83.35% with sensitivity of 92.95% at the specificity of 65.41%. An independent data set of 2726 Helicobacter pylori PPIs was also used to evaluate this prediction model, and the prediction accuracy is 80.39%, which is better than that of most existing methods.
53 extracted from protein primary sequences by wavelet transform. First, the physicochemical 54 property of each protein sequence is transformed into series of vectors. Then, stacking algorithm 55 with two layers was adopted to carry out the PPI prediction, first layer of stacking algorithm 56 including four independent classifiers and logistic regression [16] was applied to stacking 57 algorithm as the second layer. Finally, the proposed method was tested on two PPI datasets. The 58 results demonstrated that the proposed approach offers a better performance than any of the 59 current programs under various statistical standards in the two widely-used data-sets by a 5-fold 60 64 Saccharomyces cerevisiae dataset 65 The PPI data sets employed in this paper are collected from Saccharomyces cerevisiae database 66 of interacting proteins (DIP), version 20160731, and it is customized to the standards almost the 67 same way as in Jia et al. [13] The only difference is that in order to get reasonable length of 68 coefficients arrays after the original sequence process from discrete wavelet transform (DWT), 69 proteins in this dataset must contain at least 64 residues. The non-interactive data comprised of 70 two parts: proteins which located at different subcellular localizations and that located at same 71 subcellular localizations but did not appear in the positive dataset. In this case, 17333 positive 72 pairs and additional 32568 negative pairs are generated. The Saccharomyces cerevisiae dataset 73 used in this paper can be obtained in https://github.com/deltawing/master_experiment_stacking. 74 Helicobacter pylori dataset 75 The Helicobacter pylori PPI dataset is also corroborated the effectiveness of the method we 76 proposed. The dataset is prepared just as Martin et al. [17] described, except the series we used 77 must contain at least 64 residues. The final dataset contains 1307 protein pairs that have 78 interactive relationship and 1419 protein pairs without interactive relationship at the same time. 79 This dataset can also be accessed in https://github.com/deltawing/master_experiment_stacking. 80 81 Feature vector construction 82 When identifying protein characteristics using some specific methods, it is valuable to formulate 83 the sequence with an effective mathematical expression, which not only encompasses its 84 sequence order information but also gain the key features [18] . As mostly, the length of protein 85 sequence varies a lot, the formula must transform the original sequence to a vector of features 86 that have unified length which is needed by ordinary machine learning models. The learning 87 models using amino acid sequence to classify the subcellular localization of protein, classify 88 128 As a multiresolution analysis tool for decompose signal and determining component frequencies, 129 wavelet transform overcomes the resolution shortcoming of Fourier analysis, for it not only 130 analyzing the spectrum of the signal but also taking into account the specific location of the 131 signal in the time domain, especially in a nonstationary process. The nature of DWT analysis 132 make it reflect the sequence-order series more effectively than other techniques. By applying the 133 DWT on any of these seven numerical vectors of a protein, each sequence-order vector is 134 considered as a discrete time series and will put into one half band high-pass filter and one half 135 band low-pass filter. The approximation coefficient series that output from high-pass filter 136 removed all signals which frequency below half of the highest frequency in the sequence 137 represents the high frequency components, while the coefficient series output from low-pass 138 filter removed signals have frequency above half of the highest represents the high-scale 139 components [29] . At every decomposition level, after passed through filters, numerical vector 140 will discard every other sample, in other words subsampling by 2. The length of output from 141 either filter is then half of the length than that of original sequence, and the output signal from 142 the low-pass filter will continue to pass through the same two kinds of filters for some other 143 decomposition until the intended number of iterations is reached, Fig. 1 195 In this paper, each of the datasets used is divided into two groups, one for whole training process 196 called "the big training set", the other for the testing process called "the big testing set". In the 197 first step, for the different classification model, the training set is divided into five parts, with N 198 times of iteration, whereas equals to the number of predictors in the first step. In each iteration, N 199 four data parts are formed as a training set for each classification model training while one data 200 Fig. 2~4 to illustrate how the training process and testing process works. 209 For each algorithm of the first layer may shows a better prediction than other algorithms in some 210 specific data, model of the second layer can evaluate the performance of these predictors and 211 find the correspondence between the predictor and the specific data which it has a good 212 performance [43] . Considering this work is easier than the job done by the algorithm of the first 213 layer, logistic regression [16] is chosen as the algorithm for the second layer, for its simplicity 214 and has a fast calculation speed. 
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238
239 Results and discussion 240 Predictors used for the first layer of the stacking algorithm 241 The predictor for the first layer of stacking algorithm can be any of the widely-used machine 242 learning algorithms, including simple classifiers likewise some noted ensembled classifications, 243 or the assembly of these algorithms. To avoid overfitting, herein 5-fold cross-validation is used 244 to assess the performances of eight widely-used algorithms. The data used by algorithms is 245 obtained from the Saccharomyces cerevisiae dataset by the method mentioned above. 246 Figure 5. Schematic diagram of the overview algorithm process used in this work 267 Prediction performance of proposed model 268 The proposed method was firstly tested on the Saccharomyces cerevisiae dataset. The methods 269 from other published papers are used as contrasts. Under 5-fold cross-validation, the method 270 proposed in this paper achieved higher scores in evaluation criterions like Acc, Mcc, F 1 , Sn and 271 Sp, than some state-of-the-art methods. Fig. 5 illustrated a schematic diagram of the overall 272 prediction process performed in this work and the results are given in Table 2 . Additionally, as 273 recommended by majority literatures, the proposed method was also tested using the H. pylori 274 dataset (the results are given in Table 3 ). As shown 291 can facilitate revealing the biological processes within living cells. In this work, a novel classifier 292 is developed for predicting PPIs based on the stacking algorithm and information extraction by 293 wavelet transform. Our results on the PPI data of Saccharomyces cerevisiae showed that the 294 proposed method with the assistance of wavelet transform is capable of extracting maximum
